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Abstract  

 
Intraday stock price modeling is a challenging task due to the noisy and highly volatile nature of short-term stock 
markets variations. The new advances in the application of generative adversarial networks (GAN) in many areas, 
especially in the financial sector, allow researchers to develop tools capable of making more accurate predictions. This 
article proposes a framework for improving intraday stock forecasting by using synthetic examples to train a prediction 
model. The framework relies on conditional Wasserstein GAN with gradient penalty and on a mode-normalization 
procedure to generate highly realistic data which are fed, alongside the real ones, to an LSTM to predict future stock 
variations. The usefulness of the proposed framework is assessed on real stocks data using quantitative and qualitative 
criteria. The experimental results show a significant improvement in forecasting accuracy. 
 
Keywords  
Stock Price Prediction; Conditional Generative Adversarial Net; Long Short-Term Memory (LSTM), Synthetic 
Examples. 
 
1. Introduction  
Stock Exchange is a place where financial instruments are electronically traded. Each trade is recorded as a data point 
indicating the price of the transaction and its time of execution. Generally, successive trades are executed within a 
small timeframe (seconds to minutes). The stock price evolution is governed by the ask and bid dynamics. Prices are 
highly volatile and characterized by inner features known as “stylized facts” (distribution of the price log-returns, the 
volatility clustering, and the heavy-tail of the log-returns distributions…) (Cont, 2001). Accurate modeling and 
prediction of such highly volatile environments is a challenging objective regarding the uncertain nature of possible 
future movement and the difficulty to develop analytical tools capable of capturing all the underlying dynamics. 
Intraday prediction of stock prices is particularly hard due to the noisy and random nature of the order flow. The 
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microstructure of the market is largely influenced by the interactions of all the agents within the market (Storchan et 
al., 2021).  
 
Stock markets data fall in the category of time series which are a widely studied subject. Classical approaches to 
handle time series used ARIMA/GARCH models (Hen, 2011). These techniques fail to capture the particularly non-
linear and non-stationary structure of stock data. The breakthrough success of deep learning techniques in many areas 
(LeCun et al., 2015) motivated their adaptation to the financial domain especially the category of Recurrent Neural 
Networks (RNN) which are adapted to the sequential data (Gers et al., 1999). Deep learning models are data-hungry 
and are prone to overfitting (Ying, 2019). In addition, RNN fails to efficiently capture long-term dependencies (Trinh 
et al., 2018). The newly developed Generative Adversarial Networks (GAN) (Goodfellow et al., 2014) is a promising 
solution to improve the quality of prediction of time series and especially stock markets data. GANs offer a framework 
for generating synthetic data similar to the real ones. This feature is particularly useful in the context of intraday day 
stock market prediction since the use of many possible scenarios within the same trading session can help to improve 
the short-term forecasting quality.     
 
In this work, a framework based on generative adversarial networks to improve the quality of intraday forecasting of 
stock prices is proposed. The framework is based on an adversarial training procedure to generate new synthetic 
examples to enrich the training dataset. Specifically, a Conditional Wasserstein GAN with a Gradient penalty and a 
mode normalization procedure are used to efficiently capture the underlying structure of data. The framework is 
assessed on real data market from the Moroccan Stock Market.  
 
2. Literature Review  
The use of GAN for the stock markets falls into two categories (1) GANs as a prediction tool and, (2) GANs as a tool 
for generating synthetic examples to enrich training datasets. In this section, a review of studies related to each 
approach is presented. 
 
2.1 GANs as a prediction tool :   
Zhou et al. (2018) used a framework employing Long Short-Term Memory (LSTM) and convolutional neural network 
(CNN) for adversarial training. The trained generator is used to forecast the next closing price for 1-minute intervals 
in a high-frequency market. Muthukumar & Zhong (2021) proposed a deep learning model called ST-GAN that 
analyzes both financial news texts and financial numerical data to predict future stock prices for 1 day, 15 days, and 
30 days in the future. He & Kita (2020) proposed a hybrid sequential GANs framework to predict the future stock 
close price. The proposed framework set different Recurrent Neural Networks (RNN, LSTM, GRU) in the Generator 
and Discriminator. 
 
2.2 GANs for generating synthetic data :   
Ni et al. (2020) developed a conditional GAN for time series generation namely the SigCWGAN. The results of 
experiences conducted on the S&P 500 index (SPX) and Dow Jones index (DJI) data show that SigCWGAN achieves 
superior or comparable performance to the other baselines. The SigCWGAN generates realistic synthetic data 
illustrated by the marginal distribution comparison. Takahashi et al. (2019) proposed FIN-GAN which is an 
application of the original GAN intending to generate synthetic time series that replicate the main stylized facts of 
financial time series. Koshiyama et al. (2019) used Conditional Generative Adversarial Networks (cGANs) to generate 
synthetic examples to test trading strategies calibration and aggregation. 
 
3. Methodology  
In this work, a framework based on generative adversarial neural networks to generate synthetic intraday data is 
proposed. The synthetic data are used to train a deep model (LSTM) model to predict short-term price variations.  
 
3.1 Background on Generative Adversarial Networks  
GANs are a framework for learning generative models (Goodfellow et al., 2014). GANs are based on two neural 
networks (1) a Generator G which learns to produce synthetic examples indistinguishable from real ones and, (2) a 
Discriminator D which tries to discriminate between real and synthetic examples. To train a GAN, a vector of noise 
Z~𝑃𝑃𝑍𝑍  is fed to the Generator G which tries to map this vector to real data X. The adversarial learning process 
corresponds to the following Minmax function: 
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𝑚𝑚𝑚𝑚𝑚𝑚𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚𝐷𝐷  𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)[𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑚𝑚)] + 𝐸𝐸𝑧𝑧~𝑝𝑝𝑧𝑧(𝑧𝑧)�log(1 − 𝑙𝑙�𝐺𝐺(𝑍𝑍)�)� 

During the learning process, the Generator is working toward minimizing the following distance : 

𝑀𝑀𝑚𝑚𝑚𝑚𝑝𝑝� 𝑙𝑙𝑚𝑚𝐷𝐷𝐷𝐷 (�̂�𝑝 || p) 

Where �̂�𝑝 is the learned distribution of the Generator to produce synthetic example G(Z) with Z~𝑃𝑃𝑍𝑍  , and the distance 
metric (Dist) is the Jensen-Shannon Divergence (JSD) (Goodfellow et al., 2014). However, GANs with the Minmax 
function are hard to train due to the mode collapse challenge (Salimans et al., 2016). Mode collapse problem occurs 
when the generator will continuously produce samples that the discriminator will identify as real. Many studies tried 
to contribute to fixe the mode collapse issue (Srivastava et al., 2017; Bang & Shim, 2021). 
 
To handle the training challenges of the original GAN, Wasserstein GAN (WSGAN) by Arjovsky et al. (2017) 
replaces the JSD distance with the Wasserstein-1 distance (WD). WD allows more stable training by providing a 
gradient to the Generator during the training process even if the generated sample's quality is still poor. Instead of the 
Minmax function, the WSGAN objective function is : 
 

     𝑚𝑚𝑚𝑚𝑚𝑚𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚𝐷𝐷   𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)[𝑙𝑙(𝑚𝑚)] − 𝐸𝐸𝑧𝑧~𝑝𝑝𝑧𝑧(𝑧𝑧)�𝑙𝑙�𝐺𝐺(𝑍𝑍)�� 

In this configuration, the discriminator D (or Wasserstein Critic) should be a k-Lipschitz function. This is enforced 
by clipping D’s weights in a compact space [-c,c]. The Critic des no longer discriminate between real and fake data 
instead it estimates the Wasserstein metric between real and generated data distributions.  
 
Even if, the WSGAN shows smooth training, vanishing or exploding gradients can always occur, as explained by 
Gulrajani et al. (2017). This observation is due to D’s weights being pushed to the extreme values of [-c,c]. A solution 
is proposed by Gulrajani et al. (2017), namely WGAN-GP, which is adding a gradient penalty to the objective 
function: 

𝑚𝑚𝑚𝑚𝑚𝑚𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚𝐷𝐷   𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)[𝑙𝑙(𝑚𝑚)] − 𝐸𝐸𝑧𝑧~𝑝𝑝𝑧𝑧(𝑧𝑧)�𝑙𝑙�𝐺𝐺(𝑍𝑍)�� − 𝜆𝜆𝐸𝐸𝑥𝑥�~𝑝𝑝𝑥𝑥�(𝑥𝑥�)[(‖𝛻𝛻𝑥𝑥 �𝑙𝑙(𝑚𝑚�)‖2 − 1 )2 ] 
 
 𝜆𝜆  is the gradient penalty coefficient. Gradients are calculated in linear interpolation 𝑚𝑚�~𝑝𝑝𝑥𝑥�(𝑚𝑚�) between real and 
synthetic examples, 𝑝𝑝𝑥𝑥� is the sampling distribution of those linear interpolations. WGANGP is the actual state-of-
the-art in many domains. 
 
A popular variant of GANs are conditional GANs (Mirza & Osindero, 2014) under which, the generator G is fed 
with a conditional vector Y in addition to a vector of noise Z~𝑃𝑃𝑍𝑍.  
 
3.2 The proposed Framework 
In this work, a framework is proposed to predict short-term (intraday) stock prices variations using synthetic data 
produced by a generative process. The framework relies on three main ideas: (1) mode normalization (Xu et al., 2019), 
(2)   conditional GAN (Mirza & Osindero, 2014) and, WGAN-GP (Gulrajani et al., 2017). 
   
This section first describes the preprocessing scheme then describes the Generator, the Discriminator (Critic) and, the 
prediction model which is an LSTM in our case (Gers et al., 1999). 
 
Preprocessing of Data:  Xu et al., (2019) introduced mode-specific normalization to deal with data showing 
complex distributions. In the case of intraday stocks, data are very noisy and show multi-mode distributions (Figure 
2). The mode normalization is expected to reduce the risk of mode collapse by explicitly capturing the underlying 
structure de real data. The proposed framework uses continuous variables as inputs, hence here only the specific 
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treatment for this type of data is exposed knowing that mode normalization proposes also a procedure for discrete 
variables.     
The mode normalization is a three steps process: 

1. For each variable 𝑪𝑪𝒋𝒋 we fit a variational Gaussian mixture model (VGM) to estimate the number of modes 
𝒎𝒎𝒋𝒋. Let’s ℙ𝑪𝑪𝒊𝒊�𝒄𝒄𝒊𝒊,𝒋𝒋� = ∑ µ𝒌𝒌𝓝𝓝(𝒄𝒄𝒊𝒊,𝒋𝒋;𝜼𝜼𝒌𝒌,𝒎𝒎𝒋𝒋

𝒌𝒌=𝟏𝟏 𝛟𝛟𝒌𝒌) be the fitted VGM, where µ𝒌𝒌 , 𝜼𝜼𝒌𝒌, and 𝛟𝛟𝒌𝒌 are weight, mean 
and standard deviation of a mode k ;  

2. For each value 𝒄𝒄𝒊𝒊,𝒋𝒋  in 𝑪𝑪𝒋𝒋 , we compute the probability 𝝆𝝆𝒌𝒌  of 𝒄𝒄𝒊𝒊,𝒋𝒋  coming from each mode :                                            
𝝆𝝆𝒌𝒌 =  µ𝒌𝒌𝓝𝓝(𝒄𝒄𝒊𝒊,𝒋𝒋;𝜼𝜼𝒌𝒌,𝛟𝛟𝒌𝒌) ; 

3. Given the computed 𝝆𝝆𝒌𝒌 , use the appropriate mode’s mean and standard deviation to normalize 𝒄𝒄𝒊𝒊,𝒋𝒋 , the 
selected mode k corresponds to the highest value 𝝆𝝆𝒌𝒌. 

 
The mode normalization produces two outputs: (1) the normalized values : 𝛼𝛼𝑖𝑖,𝑗𝑗 =  

𝑐𝑐𝑖𝑖,𝑗𝑗 − 𝜂𝜂𝑘𝑘
𝑚𝑚𝑗𝑗ϕ𝑘𝑘

  and, (2) the mode 

information 𝛽𝛽𝑖𝑖,𝑗𝑗. For example, if there is 4 mode and we pick the second mode :  
𝛼𝛼𝑖𝑖,𝑗𝑗 =  

𝑐𝑐𝑖𝑖,𝑗𝑗 − 𝜂𝜂𝑘𝑘
4ϕ𝑘𝑘

  and 𝛽𝛽𝑖𝑖,𝑗𝑗 = [0,1,0,0]. The reslts of the mode normalization step is : 𝐶𝐶𝑗𝑗 =  𝛼𝛼𝑗𝑗 ⊕ 𝛽𝛽𝑗𝑗 , a concatenation of 
𝛼𝛼𝑗𝑗  and  𝛽𝛽𝑗𝑗 . 

  
 

Figure 1. Overall Framework 
 

 
 

Figure 2. Studied stock prices (IAM) with multiple modes 
 
Conditional Input: The proposed framework uses a conditional variation of GAN which implies that the generator 
relies on a random vector as well as a condition vector to produce synthetic examples.  As a condition, a vector of the 
last 10 lagged values of the price 𝑚𝑚𝑡𝑡 : 𝑌𝑌 = [ 𝑚𝑚𝑡𝑡−1, … , 𝑚𝑚𝑡𝑡−10 ] is used. Figure 3 shows how the conditional vector is 
added to the noise vector before being used by the generator G. Under these settings, the produced samples ( 𝒔𝒔� ) by 
the Generator can be interpreted as a conditional distribution of 𝑚𝑚𝑡𝑡 given Y :   �̂�𝐷  ∼  ℙ𝐺𝐺(𝑚𝑚𝑡𝑡  | 𝑌𝑌).     
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                                      G(Z ⊕𝑌𝑌) = �̂�𝐷 
 
 
                                           Z ⊕𝑌𝑌 
                  
                                      
                                  Z~𝑃𝑃𝑍𝑍                                                                                                         (Y Condition Vector) 
 

 
Figure 3. Conditional generation  

 
The vector 𝑌𝑌 = [ 𝑚𝑚𝑡𝑡−1, … , 𝑚𝑚𝑡𝑡−10 ] is drawn from the mode-normalized data and the [ 𝑚𝑚𝑡𝑡−1, … , 𝑚𝑚𝑡𝑡−10 ] are under the 
form 𝛼𝛼𝑗𝑗 ⊕ 𝛽𝛽𝑗𝑗. 
Generator and Discriminator architectures: A fully-connected networks (FC) architecture is opted for the 
Generator and Discriminator. This choice is motivated by the wide use of FCs in WGAN-GP settings with many types 
of data (Time-series and tabular data) (Xu et al., 2019; Kim et al., 2021).   
 
In addition, to overcome issues related to the vanishing or exploding gradient a Generator with only two FC layers as 
in (Xu et al., 2019) is adopted. The Generator architecture details are as follows: 
 

 ℎ0 =  Z ⊕𝑌𝑌 
ℎ1 =  ℎ0 ⊕ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵 �𝐹𝐹𝐶𝐶|𝑍𝑍|+|𝑌𝑌|→256 (ℎ0)�) 

ℎ2 =  ℎ1 ⊕ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵 �𝐹𝐹𝐶𝐶|𝑍𝑍|+|𝑌𝑌|+256→256 (ℎ1)�) 
𝛼𝛼� = tanh (𝐹𝐹𝐶𝐶|𝑍𝑍|+|𝑌𝑌|+512→1 (ℎ2)) 
�̂�𝛽 = 𝑙𝑙𝑔𝑔𝑚𝑚𝑔𝑔𝑅𝑅𝑙𝑙0.2 (𝐹𝐹𝐶𝐶|𝑍𝑍|+|𝑌𝑌|+512→𝑚𝑚𝑖𝑖 (ℎ2)) 

 
Where ReLU for the Rectified Linear Unit activation function, BN for Batch-Normalization, 𝑙𝑙𝑔𝑔𝑚𝑚𝑔𝑔𝑅𝑅𝑙𝑙0.2 for Gumbel 
softmax with parameter 0.2, 𝑚𝑚𝑖𝑖 for modes in the real data and, FC is the fully-connected layer. The noise vector 
dimension |𝑍𝑍| is set to 10 values from a Gaussian distribution with mean 0 and variance 1 and, |𝑌𝑌| the conditional 
vector to 10 lagged values.  
 
The Critic is as follows: 
 ℎ0 =  𝑆𝑆 
 ℎ1 = 𝑑𝑑𝑑𝑑𝑙𝑙𝑝𝑝(𝑙𝑙𝑅𝑅𝑚𝑚𝑙𝑙𝑙𝑙0.2 �𝐹𝐹𝐶𝐶|𝑆𝑆|→256(ℎ0)�) 
 ℎ2 = 𝑑𝑑𝑑𝑑𝑙𝑙𝑝𝑝(𝑙𝑙𝑅𝑅𝑚𝑚𝑙𝑙𝑙𝑙0.2�𝐹𝐹𝐶𝐶256→256(ℎ1)�) 
 𝐶𝐶(. ) = 𝐹𝐹𝐶𝐶256→1(ℎ2) 
 
Where 𝑆𝑆 for the data sample, 𝑙𝑙𝑅𝑅𝑚𝑚𝑙𝑙𝑙𝑙0.2 for Leaky ReLU with parameter 0.2, 𝑑𝑑𝑑𝑑𝑙𝑙𝑝𝑝 is the dropout (with a probability 
of 30%). The model is trained with the WGAN-GP loss using the Adam Optimizer. 
 
Hyperparameters: After many tests, the values of the hyperparameters were selected as follows: 
Learning rate for Generator and Critic = 2X10-4, mini-batch size is 100 and, the maximum epoch number = 200. 
 
The prediction model (LSTM):  The LSTM model for forecasting is trained using the Adam optimizer and is 
composed of 3 layers of {50, 100, 150} units. To avoid overfitting during the learning process, 2 dropout layers (with 
a probability of 50%) are used and mini-bachs of 50 observations are selected in each iteration.  
 
4. Data  
The objective is to improve the short-term prediction of stock price variations,  hence intraday data are used as a 
training dataset. This type of data is characterized by its noisy variations and the randomness of the distance between 
two consecutive records.     
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(a) 

 

 
(b) 

 
(c) 

Figure 4. Tick-by-tick data of the studied stocks 
 
For comparison, data covering one year period, related to three stocks (IAM, ADH and, ATW) belonging to different 
economic sectors in Morocco and exhibiting contrasted behaviors, are used (Table 1). 
 
To handle the difficulties related to observations not being regularly spaced, a discretization step consisting of 
considering prices related to the regularly spaced timeframe of 10 minutes within the trading session (9:30 am to 3:30 
pm) is performed. This procedure gives as a data point every 10 minutes and reduces the number of observations in 
the training dataset to 9100 as illustrated in Figure 5 and Table 1. The third (1/3) of each dataset is used for testing.   
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Table 1. Summary of key statistics related to the studied stocks. 

 
Ticker IAM ADH ATW 
Sector Telecommunication Real Estate Banks 

Count (#) 11080 19597 7706 
# after discretization 9100 9100 9100 

mean 118.65 29.81 349.94 
std 8.66 3.45 14.73 
min 104.80 22.33 320.50 
25% 111.15 27.56 343.90 
50% 116.00 30.00 347.05 
75% 127.33 31.56 360.00 
max 140.00 40.80 382.00 

 
 
   

 
Figure 5. Discretized tick-by-tick data by 10 minutes intervals 

 
5. Results and Discussion 
5.1 Quality of synthetic data  
As discussed in 3.2, the mode-normalization step is used to allow the framework to efficiently capture the underlying 
structure of the real data. The synthetic data are expected to have similar distributions as the real ones. To assess the 
quality of generated data the qualitative and quantitative assessments of the similarity between the real and synthetic 
distributions are used.     
 

 
(a) 
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(b) 

 
(c) 

 
Figure 6. Distributions comparison of real and synthetic data 

 
Distributions similarity: plots in Figure 6 show that the generated data by the proposed framework can efficiently 
capture the complex structures of the real examples. The synthetic data are mimicking with great fidelity the 
distributions of real data regarding the multi-modes challenge. All real data modes are sampled in the synthetic data. 

 
Distributional metric: to quantify the similarity between real and synthetic data the Distributional metric (Wiese et 
al., 2019) is used : Let 𝐵𝐵ℎ = (𝐵𝐵1,…,𝐵𝐵𝑘𝑘) be a binning such that approximately n elements of the historical series 𝑚𝑚1:𝑇𝑇 
fall into each bin. Considering the aforementioned binning, the empirical Probability Density Function (epdf) of the 
historical 𝑓𝑓ℎ ∶ 𝐵𝐵ℎ → 𝑅𝑅 ≥ 0 and the generated 𝑓𝑓𝑔𝑔 ∶ 𝐵𝐵ℎ → 𝑅𝑅 ≥ 0 can be defined. The absolute difference of the epdf 
is : ∑ |𝑓𝑓ℎ�𝐵𝐵∈𝐵𝐵ℎ (𝐵𝐵) − 𝑓𝑓𝑔𝑔 � (𝐵𝐵)|. This quantity is expected to be as small as possible.  
 
Ablation study: to further investigate the impact of each component of the framework on producing real-looking 
data, an ablation study is performed. Table 2 summarizes the distributional metric for the ablation study:      
 

Table 2. Distributional metric results (Bold indicates the best performance) 
 

 
 

IAM 

The framework 0.078 
w/o mode normalization 0.854 
w/o condition 0.588 
w/o WGAN-GP (vanilla GAN) 0.378 

 
 

ADH 

The framework 0.086 
w/o mode normalization 0.967 
w/o condition 0.614 
w/o WGAN-GP (vanilla GAN) 0.475 

 
 

The framework 0.060 
w/o mode normalization 0.704 
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ATW w/o condition 0.497 
w/o WGAN-GP (vanilla GAN) 0.395 

 
Table 2 shows that the mode-normalization procedure has the greatest impact on the quality of synthetic data. Not 
applying mode-normalization leads to poor quality data regarding the distributional metric. The conditional vector 
and WGAN-GP architecture have also key rules in producing high-quality synthetic data. The framework produces 
the most realistic data among the tested settings. 
 
Temporal autocorrelation: Using a condition vector of lagged values helps the framework in producing a series of 
data following similar trends and behaviors as the real ones. Using a trained Generator, the conditional input is used 
as discussed in 3.2 to generate, for each stock, 50 synthetic samples of length 14 (meaning 14 time-intervals of 10 
minutes each which corresponds to 140 minutes forecasting interval). Plots in figure 7 show clearly that the synthetic 
data exhibit similar temporal dependencies as the real data.  
 

 
(a) 

 

 
(b) 

Figure 7. Distributions comparison of real and synthetic data 
 
5.1 Improving the forecasting of intraday variations 
The objective is to improve the forecasting of intraday price variations by using synthetic data. To verify the usefulness 
of the synthetic data in enhancing the predictive power of the initial dataset, the following experiences are performed: 
First, an LSTM (as described in 3.2) is trained using only real data then a test of its performance is done on the test 
set using the following metrics: Mean Absolute Error: 𝑀𝑀𝑀𝑀𝐸𝐸 =  1
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𝑖𝑖 . Second, another LSTM (with the same 

architecture and the same hyperparameters) is trained using real data and synthetic data to verify if, on the test set, 
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there are any improvements regarding the aforementioned metrics. The first setting is identified as “train on real and 
test on real (TRTR)” and the second as “train on synthetic and test on real (TSTR)” as in (Esteban, Hyland, & Ratsch, 
2017).   
 

Table 3. Predictive Score results (Bold indicates the best performance) 
 

 
Methods 

 
MAE 

 
MAPE % 

 
MSE 

 TSTR TRTR TSTR TRTR TSTR TRTR 
IAM 1.65 3.08 1.98 2.65 0.0026 0.0065 
ADH 2.60 3.65 2.95 2.95 0.0034 0.0083 
ATW 1.21 2.85 1.69 2.05 0.0017 0.0034 

 
The results reported in Table 3 illustrate an improvement in forecasting quality by adding synthetic examples to the 
training datasets. This improvement is observed regarding all three evaluation metrics for the three tested stocks. This 
result can be explained by the fact that the forecasting model (LSTM) has access, during the training, to more diverse 
synthetic examples similar to the ground truth.           
                    
6. Conclusion  
In this work, a generative adversarial framework that produces real-looking synthetic data to improve the forecasting 
accuracy of intraday stock prices is introduced. The proposed framework applies a mode normalization procedure, a 
conditional GAN architecture and, a WGAN-GP function to learn the underlying structure of data. The synthetic 
generated data are used to enrich the training dataset and give the forecasting model more examples to learn from.  
For the forecasting task, an LSTM is used to predict short-term future variations. The framework is assessed by 
quantitative and qualitative criteria. The experimental results show that the framework leads to significant 
improvement in forecasting accuracy. The contributions of this work can help to develop more accurate forecasting 
tools and can assist traders to simulate diverse market scenarios for better financial risk management. As future work, 
it is proposed to test other architectures for the generative framework and also consider a larger test set that includes 
more stocks.   
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